Introduction
Photosynthetic carbon assimilation is the largest flux in the global carbon cycle, and accurate future projections from terrestrial biosphere models (TBMs) rely upon accurate representations of photosynthesis. Rates of photosynthesis are most commonly simulated as the minimum carboxylation rate of two processes-the Calvin-Benson cycle and light activated electron transport-modelled using Michaelis-Menten principles of enzyme kinetics (Farquhar & Wong, 1984; Collatz et al., 1991; Harley et al., 1992; von Caemmerer, 2000) .
These two realised rates are sensitive to their respective maximum rates-the maximum carboxylation rate (V cmax ) and the maximum electron transport rate (J max ), and terrestrial carbon cycle models are highly sensitive to these parameters (Zaehle et al., 2005; Bonan et al., 2011; Sargsyan et al., 2014; Rogers, 2014; Rogers et al., 2017) . Many methods are used across TBMs to calculate V cmax and J max , and these methods represent competing hypotheses, formally or informally posed, on how these influential plant traits scale geographically. The diversity of hypotheses potentially leads to large, and previously unquantified, variation in the simulation of global photosynthetic carbon assimilation and poses the broader scientific question: what are the primary drivers of global V cmax scaling?
Plant functional traits consist of a wide range of measurable plant phenotypic (chemical, physiological, and structural) properties that convey information pertaining to some aspect of plant function, and thus are used to describe plant function and functional diversity. Correlations between functional traits have been used to define common axes of plant strategies (Grime, 1974; Craine et al., 2002; Wright et al., 2004; Reich, 2014) and discrete plant functional types (PFTs), designed to simplify the diversity of plant life within a tractable modelling framework (Woodward & Cramer, 1996; Smith et al., 1998; Wullschleger et al., 2014) . The quantitative nature of plant functional traits lends their use to global simulation modelling, allowing functions that represent the multiple ecosystem processes encoded in TBMs to be parameterised using values of the relevant plant functional traits. scaling hypotheses that go beyond the implicit hypothesis for many traits in many TBMsthat traits scale discretely across, and are static within, a limited set of broadly defined PFTs.
In the current study, multiple competing trait-scaling hypotheses for V cmax and their impacts on global patterns of gross primary production (GPP) are assessed within a common modelling framework (the Sheffield Dynamic Global Vegetation Model-SDGVM). Broadly defined, four V cmax scaling hypotheses are investigated: 1) discrete PFT variation, 2) nutrient limitation, 3) environmental filtering, and 4) plant plasticity allowing acclimation to environment. As discribed above, discrete PFT variation, is an hypothesis designed to represent key features of global diversity in plant function within a tractable modelling framework.
In more detail, nutrient, specifically nitrogen (N), limitation is hypothesised to affect V cmax,25 due to the high concentrations of the enzyme RuBisCO in leaves which makes up a large portion of whole plant N demand. Empirically, V cmax,25 and photosynthetic rates correlate with leaf N (Field & Mooney, 1986; Wright et al., 2004; Kattge et al., 2009) and plant N uptake . SDGVM incorporates the hypothesis that plant N status is based on the principle of costs associated with plant N uptake as soil C increases and across mycorhizal types (Read, 1991; . This hypothesis has been expanded on by recent model development efforts (Fisher et al., 2010; Brzostek et al., 2014) .
The environmental filtering hypothesis states that adaptation to local environment is the primary determinant of V cmax,25 scaling. In our study, a data driven approach was taken to represent environmental filtering of V cmax,25 following Verheijen et al., (2013) . Plant plasticity, which allows acclimation to environment, is based on the hypothesis that the process of natural selection has created plants able to respond to their environment at shorter timescales (e.g. days to weeks). These plant centric methods tend to consider an optimality perspective whereby plants adjust V cmax to maximise the difference between costs and benefits (Chen et al., 1993; Maire et al., 2012; Prentice et al., 2014) .
Our aims were to quantify and understand the causes of variability across these various scaling hypotheses of: 1) global V cmax distributions; 2) simulated global distributions of GPP; and 3) temporal trends in global GPP and subsequent impacts on net biome productivity, the simulations of which is the primary purpose of global TBMs. To evaluate the spatial patterns of global GPP predicted by the various methods to scale V cmax we use a (Jung et al., 2011) ; global solar induced fluorescence (SIF) from the GOME-2 instrument (Joiner et al., 2013 (Joiner et al., , 2016 , and the CASA model calibrated using SIF data.
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Methods
The SDGVM was developed as a daily timestep, global biogeography and ecophysiology model Woodward & Lomas, 2004) to predict the primary biomes of Earth and their associated fluxes of carbon (C) and water in response to global change. SDGVM has been described and extensively evaluated at site and global scales Cramer et al., 2001; Woodward & Lomas, 2004; Picard et al., 2005; Sitch et al., 2008; Beer et al., 2010; De Kauwe et al., 2013 Friend et al., 2014; Walker et al., 2014b; Zaehle et al., 2014) , so here we provide a brief description of the model and the process simulation methods relevant to this paper.
In SDGVM, C and water cycles conserve mass, while canopy nitrogen (N) is simulated through an empirical relationship of N uptake to soil C Woodward & Lomas, 2004) , based on the principle of costs associated with plant N uptake as soil C increases and across mycorhizal types (Read, 1991) . During the application of SDGVM to the FACE model data synthesis (FACE-MDS; Walker et al., 2014b; Medlyn et al., 2015) it was observed that SDGVM had low V cmax,25 values (V cmax,25 = 11N a ; where N a is leaf N per unit leaf area) and that using realistic values of V cmax,25 observed at the FACE sites led to over prediction of GPP. The default V cmax,25 values in SDGVM were calibrated to compensate biases caused by the assumption that photosynthesis calculated at mean daily radiation can be scaled by daylength to calculate mean daily photosynthesis. This assumption over-estimates photosynthetic efficiency by effectively linearising the response of photosynthesis to light. We corrected this bias by developing a sub-daily downscaling of light and photosynthesis calculations to 10 time periods during a half-day (described in more detail in Notes S1). The sub-daily calculation of photosynthesis allowed realistic V cmax,25 values to generate realistic values of GPP in the model. SDGVM scales V cmax,25 and J max,25 by water limitation and leaf age.
Due to their strong correlation, in this study we focus only on V cmax scaling hypotheses and employ a single relationship of V cmax,25 to J max,25 (Walker et al., 2014a) :
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Static traits (static_PFT): Static values of V cmax,25 were derived by taking PFT means (using SDGVM PFT definitions; see SI for specific values) from the TRY database (www.trydb.org; data accession on 16 Nov 2010) augmented to include data from the sparsely represented tropics (described below). This augmented TRY database was also used to derive the trait-environment relationships and is described in detail below. Each trait observation was linked to a PFT based on information on growth form (shrub, grass, tree), leaf habit (deciduous/evergreen) and photosynthetic pathway (C 3 /C 4 ) (Verheijen et al., 2013 (Verheijen et al., , 2015 .
Nutrient limitation hypotheses:
We employ five implemetations of the nutrient limitation hypothesis. First (Ntemp_global), the original version of SDGVM calculated V cmax from the rate of N uptake (N u ) (Woodward & Smith, 1994 . N u was calculated as a function of soil C, N, and mean annual air temperature (for details see: . We label the original SDGVM method according to the assumption that sets it apart from other nutrient limitation hypotheses, that N u is a function of temperature.
In later versions of SDGVM, the temperature modifier of N u was removed and canopy N was calculated using a globally uniform, empirical scalar on N u Woodward & Lomas, 2004) . All of the remaining implementations of the nutrient limitation hypotheses use the temperature independent function of N u and canopy N. The second nutrient limitation implementation (N_global) was: ,
where N a is leaf N, was taken from Walker et al., (2014a) and was implemented globally.
Third (N_PFT), we used the PFT-specific, linear V cmax,25 to N a relationships derived by Kattge et al., (2009) . Forth (N_oxisolPFT), to simulate an implicit P limitation, we used the N_PFT relationships but replaced the evergreen broadleaved PFT relationship with a relationship derived on P poor oxisols. Fifth (NP_global), to simulate a more explicit P limitation on V cmax,25 a function of V cmax,25 where P was influential in interaction with N derived from a database of field and lab grown plants (Walker et al., 2014a) , was also simulated:
To simulate leaf P concentration we used a global relationship to total soil P derived by Ordonez et al., (2009) , and a global total soil P map (Yang et al., 2014) .
Environmental filtering: Environmental filtering was represented by empirically deriving PFT specific trait-environment relationships (Environ_PFT) from the TRY database V cmax,25 values at the accession date (Niinemets, 1999; Kattge et al., 2009 ) augmented by Verheijen et al., (2015) to include V cmax,25 from the tropics (Deng et al., 2004; Meir et al., 2007; Domingues et al., 2010; van de Weg et al., 2011; Cernusak et al., 2011; Azevedo & Marenco, 2012; Nascimento & Marenco, 2013 ) that were not well covered in the TRY database. Each species within the database was assigned to a PFT based on the specific SDGVM PFT definitions.
Based on the global coordinates of the trait data, each trait entry was associated to a set of environmental conditions-mean annual temperature, mean temperature of the warmest month, mean temperature of the warmest month, temperature difference of warmest month and coldest month, total annual precipitation, total precipitation in the driest quarter, fraction of total precipitation that falls in the driest quarter, mean annual relative humidity, total annual down-welling shortwave radiation-taken from the CRU-NCEP dataset (the same as used to run the model simulations). For each PFT, a multiple regression with forward selection was run to relate variation in V cmax,25 to environmental drivers. To avoid correlation between explanatory variables, variables with a correlation over 0.7 were not used in the same regression model.
An empirical, linear decrease in V cmax,25 with CO 2 using the formulation of Verheijen et al., (2015) was also included as part of the response to environment (see Notes S1 for the relationships). V cmax,25 is calculated at the beginning of each year for each PFT on each gridsquare based on mean environmental conditions of the past year.
V cmax data for C4 plants were only available for these trait-environment relationships.
Therefore in the simulations for all hypotheses these relationships (or static values for static_PFT) were used to set V cmax,25 and phosphoenolpyruvate carboxylase (PepC 25 ) activity in C4 plants.
Plant plasticity: We examined plant plastcity by using the co-ordination hypothesis The leaf nitrogen utilisation for assimilation (LUNA) (Xu et al., 2012; Ali et al., 2016) hypothesis was also evaluated (LUNA_global). LUNA optimises leaf N investment in various photosynthetic functions-light capture, electron transport, carboxylation-to maximise daily net photosynthesis (assimilation -leaf respiration) given mean environmental conditions (Ali et al., 2016) . The LUNA optimisation also satisfies empirical environmental constraints and the constraint of co-ordination of w c and w j . Thus LUNA is a combination of plant plasticity, nutrient limitation, and environmental filtering hypotheses.
In this study we use the mean environmental conditions of the past 30 days, consistent with the averaging used for the co-ordination hypothesis (Ali et al., 2016 use the previous 10 days).
Scaling of V cmax,25 to leaf temperature: Being enzymatically controlled, at short timescales V cmax is highly dependent on leaf temperature and is usually normalised to a reference temperature, commonly 25 ºC, adding the subscript 25 to the notation (V cmax,25 ).
Three methods used to scale V cmax,25 to leaf temperature were investigated ( Figure S1 and Notes S1 for more details): 1) a saturating exponential (the SDGVM model default, see temperatures as presented in Medlyn et al., (2002) ; and 3) the modified Arrhenius with emprical acclimation of temperature optima to local environmental conditions (Kattge & Knorr, 2007) .
Model Setup & Simulations
The model simulations were run using the CRU-NCEP meteorological dataset 1901 (Le Quéré et al., 2014 Figures S2-S4) . PFT distributions were assumed static throughout the whole simulation period and were derived from land cover (LC) maps provided by the ESA CCI project (www.esa-landcover-cci.org; Figures S5-S12). The PFT fractions were derived from the LC maps using the LC to PFT conversion described in Poulter et al., (2015) , and adjusted to account for the separation of C3 and C4 species that cannot be detected using MERIS wavebands (Poulter et al., 2015) . The resultant PFT maps were then further categorised according to the SDGVM PFT classification.
Atmospheric CO 2 data were taken from the Scripps Ocean Institute merged ice-core and flask measurement global dataset (Keeling et al., 2005) . The simulations were initialised with a 500 year spin-up that randomly selected meteorological years from the period 1901-1920. A separate spin-up was conducted for each ensemble member. The ensemble consisted of the nine different trait based approaches to simulate V cmax (Table 1 ) and a subset of these nine approaches-N_global, Co-ord_global, and LUNA_global-each run with the three temperature scaling assumptions, for a total of 17 simulations. N_global, N_PFT, Coord_global, and LUNA_global were chosen to combine with the three temperature scaling approaches to represent a range of methods, and to see how the temperature scaling assumptions interacted with the dynamic spatial-scaling plant plasticity hypotheses (i.e. Coord_global, and LUNA_global).
Evaluation datasets
The simulated spatial distributions of global GPP were used to evaluate the impacts of 
,
where CASA is the CASA GPP; cSIF is the CASA scaled GPP; sSIF is the simply scaled-SIF, and subscripts are the gridpoint latitude, i; longitude, j; and time, t. results. The MPI data were available only until 2011, but given the MPI data have little interannual variability (Kumar et al., 2016) this was expected to have little effect.
GPP predicted by the trait-scaling hypotheses were compared against the three GPP proxies using standard deviation, correlation, and centered root mean square difference.
Combining these metrics in polar co-ordinates allows comparison of gridded datasets against a reference. These plots are known as Taylor diagrams (Taylor, 2001) . Datasets were also analysed using principle component analysis (PCA) to identify common principle axes of . All hypotheses were marginally less correlated to the scaled-SIF data (r=0.85-0.89) than the other two GPP proxies.
The most correlated hypotheses to MPI and SIF-CASA were N_global and N_PFT, though the improvements in these correlations were marginal (r=0.91 vs 0.88-0.90).
Ntemp_global was generally less well correlated to all three proxies with substantially higher standard deviation and which predicted the highest global GPP and strongest latitudinal gradient. The least correlated hypotheses to MPI were LUNA_global and Environ_PFT, though again only marginally. Environ_PFT was also less well correlated with both SIF based proxies. N_PFT and N_oxisolPFT were the most correlated to scaled-SIF, marginally better than LUNA and N_global. The variance in the correlation across the hypotheses was greater when hypotheses were compared against the scaled SIF proxy (Figure 5c ).
Difference plots between modelled GPP and GPP proxies ( Figure 6 and S18-S19)
showed that the N_oxisolPFT implementation tended to perform well against all three proxies, though there were some substantial under-predictions in tropical forests when compared against MPI ( Figure S18 ). However, tropical GPP was consistently under-predicted by many implementations when compared against MPI, particularly in the Amazon. Static values per PFT and Ntemp_global clearly showed the strongest mismatches with the GPP proxies. Environ_PFT performed poorly in northern latitudes, particularly Scandinavia, and southern China, where V cmax was predicted to be higher than any other implementation (Figure 1 ). Co-ordination and LUNA performed well, but tended to over-predict in nothern latitudes when compared against N_PFT and N_oxisolPFT. Across all implementations, GPP was under-predicted in Europe, eastern North America, and India while GPP was over- When the alternative, more realistic modified Arrhenius temperature response hypotheses were implemented, mismatches with scaled-SIF were unaffected for LUNA_global, slightly worsened in N_global, N_PFT, and noticeably worsened for Coord_global (Figure 5d ). Implemented within the LUNA model, the three different temperature scaling assumptions made little difference to global GPP, presumably because the N constraint in LUNA was strong and the optimisation allowed flexibility around temperature responses to find a similar maximum assimilation rate across temperature scaling assumptions.
The SIF-CASA, scaled-SIF and MPI proxies were generally more correlated to each other than to any of the V cmax hypothesis implementations, but only marginally. Arguably the proxies were as dissimilar from each other as the better model hypotheses were from the proxies, making it difficult to provide a definitive conclusion about which specific implementation of the various hypotheses was closest to GPP observation proxies.
Principal component (PC) analysis (PCA) was used to identify the common patterns and areas of divergence across both the models and the GPP proxies, and the potential cimatic drivers of the commonalities and differences. PCA demonstrated that 82 % of the spatial variance across simulated GPP, GPP proxies, and climatic variables are explained by a single PC ( Figure S20 ). All model assumptions are closely grouped with high loadings on PC1 (Figure 7a ), i.e. all model predictions are positively correlated with the spatial pattern of the first PC (Figure 7c ). Closely grouped to the models on PC1 are all observed GPP proxies, as well as precipitation. Short wave radiation (SWR) and temperature were less strongly correlated with PC1, though the correlation was also positive, suggesting that precipitation is the primary driver of the dominant global pattern in GPP.
PC2 accounted for c. 11 % of spatial variance and segregates SWR and temperature (both positively correlated to PC2) from the model implementations, GPP proxies, and precipitation ( Figure 7d ). The remaining PCs combined account for 7 % of the spatial variation in the data and it is these remaining PCs that demonstrate the main areas of divergence between V cmax implementations and GPP proxies. The better performance of nutrient limitation implementations was most apparent when compared against the scaled-SIF GPP proxy and we argue that this is a more independent, thus more robust, comparison.
Evaluation of V cmax distributions
Discerning which is the most realistic trait-scaling hypotheses was non-trivial.
Currently no independent, globally gridded estimates of V cmax,25 distributions exist. Many regions in global V cmax datasets are only sparsely represented and one of the most comprehensive global V cmax datasets was employed to compile the V cmax,25 relationships to environment (Environ_PFT) for the trait filtering hypothesis (Kattge et al., 2011; Verheijen et al., 2013) . The Environ_PFT prediction of the global V cmax,25 distribution (Figure 1 ) is an empirical upscaling of V cmax,25 point measurements using global climatic and land-cover
information. Unlike other hypotheses tested, which additionally rely on either model process The primary cause of the zonal V cmax,25 distribution for the implementations constrained by N is the core SDGVM hypothesis that plant nutrient status is inversely related to soil carbon. This hypothesis is based on observations that plant N uptake decreases as dependence on organic N supply (correlated with mycorrhizal N supply) increases, which in turn is hypothesised a consequence of increasing soil organic matter (Read, 1991; . The original LUNA study at the global scale showed lower V cmax,25 in the tropics and global distributions of top-leaf V cmax,25 that were more similar to those predicted by Environ_PFT and Co-ord_global (Ali et al., 2016) than the N limitation hypotheses to which LUNA was more similar in this study. The defining difference is that Ali et al., (2016) assumed a constant top-leaf N of 2 gm -2
carbon. The results in SDGVM suggest that LUNA is more sensitive to variability in leaf N than to variability in environment.
Evaluation of GPP distributions
Principal components analysis (PCA) demonstrated that precipitation was the primary driver of the dominant mode of global GPP distributions in both the GPP proxies and all model simulations, and was therefore responsible for the strong correlation (0.85-0.91) of all hypotheses to the proxies. PCA indicated that the model simulations diverged from the observation proxies for two reasons: 1) a relative GPP stimulation by PAR in dry grasslands in SDGVM opposing a relative GPP reduction by low precipitation in the proxies (and vice versa; PC3); and 2) a relative stimulation of GPP in SIF based proxies in agricultural areas of the planet that was anti-correlated with precipitation and that was not apparent in the SDGVM nor MPI (PC4).
The stimulation of GPP by PAR without a counteracting reduction from low precipitation in SDGVM is most likely due to the relative insensitivity of SDGVM to low soil water avaialability when compared against other models (Medlyn et al., 2016) . On the other hand, the ubiquity of the under-prediction in all of Earth's major agricultural regions is likely due to agricultural improvement that was not represented by SDGVM-e.g. improved seed, fertilisation, and irrigation. The negative correlation of precipitation to PC4 and positive SIF proxy correlation in these agricultural areas (Figure 7 ) demonstrates the independence of GPP from precipitation in these regions., perhaps This independence implies that irrigation may be the primary driver of the under-prediction of GPP while recognising that irrigation levels are highly heterogeneous within these regions (Siebert et al., 2010) .
GPP proxies (MPI, SIF-CASA, and scaled-SIF) were as dissimilar to each other as the better performing hypotheses were to the proxies. PCA showed that the SIF based proxies had relatively higher GPP in dry, agricultural regions of the planet compared with MPI.
Relatively higher SIF based GPP in cropland areas compared against MPI has been previously observed (Guanter et al., 2014) . This dissimilarity indicates an uncertain constraint from observations. SIF is linearly related to MPI estimates of GPP at the temporal and spatial scales typically simulated by global TEMs (Guanter et al., 2014; Parazoo et al., 2014) . SIF Recent evidence has suggested that leaf phosphorus may modify, co-limit, or replace the V cmax,25 to N relationship (Reich & Oleksyn, 2004; Domingues et al., 2010; Walker et al., 2014a; Norby et al., 2016) ; though the physiological link to photosynthesis is more complex.
Considering P limitation either implicitly ( Assuming all else is equal, increasing CO 2 increases both the carboxylation limited photosynthetic rate, w c , and the electron transport limited rate, w j , but w c is increased in greater proportion (the degree of which is dependent on the choice of model for w j ). Thus coordination reduces V cmax,25 at the higher CO 2 concentration to balance w c with w j . Thus, under co-ordination, the CO 2 fertilisation of GPP is primarily driven by the CO 2 response of lightlimited photosynthesis, which is lower than the CO 2 response of carboxylation limited photosynthesis. The decline in V cmax driven by the co-ordination hypothesis is stronger than the decline in Environ_PFT ( Figure S24 ) which was the only hypothesis to have an explicit reduction of V cmax in response to CO 2 . We assumed a fixed relationship between J max and V cmax for the implementation of co-ordination in this analysis (Eq 5). Given that these plant plasticity hypotheses are founded within the concept of optimality (Xu et al., 2012; Prentice et al., 2014; Wang et al., 2014) , the restriction of the CO 2 response to the smaller electron transport (light) limited under co-ordination suggests that the optimal solution would include a variable response of the J max to V cmax relationship to changing CO 2 concentration.
In summary, the analysis of multiple V cmax trait scaling hypotheses on simulated GPP suggested that nutrient limitation was the more likely driver of global V cmax distributions. N limitation was implemented via a relationship of decreasing leaf N with increasing soil C based on increasing costs of N uptake. Of the nutrient limitation implementations, the PFT specific relationships to leaf N that implicitly accounted for P limitation in broadleaved evergreens (Noxisol_PFT; Kattge et al., 2009) were found to most closely match the GPP proxies. Incorporating a global map of oxisols would likely help to further refine this implementation. For SDGVM and other global carbon cycle models we recommend the Noxisol_PFT relationships to leaf N, particularly for models that can simulate N cycling or spatially dynamic leaf N. For carbon-cycle only models, the static_PFT hypothesis did not reproduce spatial distributions of global GPP as well and we suggest that the scaled relationship of N uptake to soil C without the temperature modifier could be a relatively straight forward way to implement dynamic leaf N allowing the use of the Noxisol_PFT relationships. These recommendations are contingent on the GPP proxies ecosystems, that include the V cmax response to temperature in these ecosystems, will help to discriminate among alternate hypotheses. Kattge & Knorr, 2007 Nu-N uptake, Na-N per unit leaf area, Pa-P per unit leaf area, Q-incident PAR per unit leaf area, T-leaf temperature, VPD-vapour pressure deficit, RH-relative humidity. * 
